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Abstract: Multiple land use and land cover (LUC) datasets are available for the analysis of LUC
changes (LUCC) in distinct territories. Sometimes, different LUCC results are produced to characterize
these changes for the same territory and the same period. These differences reflect: (1) The different
properties of LUC geoinformation (GI) used in the LUCC assessment, and (2) different criteria
used for vector-to-raster conversion, namely, those deriving from outputs with different spatial
resolutions. In this research, we analyze LUCC in mainland Portugal using two LUC datasets with
different properties: Corine Land Cover (CLC 2006 and 2012) and LUC official maps of Portugal
(Carta de Ocupação do Solo, COS 2007 and 2010) provided by the European Environment Agency (EEA)
and the General Directorate for Territorial Development (DGT). Each LUC dataset has undergone
vector-to-raster conversion, with different resolutions (10, 25, 50, 100, and 200 m). LUCC were
analyzed based on the vector GI of each LUC dataset, and with LUC raster outputs using different
resolutions. Initially, it was observed that the areas with different LUC types in two LUC datasets in
vector format were not similar—a fact explained by the different properties of this type of GI. When
using raster GI to perform the analysis of LUCC, it was observed that at high resolutions, the results
are identical to the results obtained when using vector GI, but this ratio decreases with increased cell
size. In the analysis of LUCC results obtained with raster LUC GI, the outputs with pixel size greater
than 100 m do not follow the same trend of LUCC obtained with high raster resolutions or using
LUCC obtained with vector GI. These results point out the importance of the factor form and the area
of the polygons, and different effects of amalgamation and dilation in the vector-to-raster conversion
process, more evident at low resolutions. These findings are important for future evaluations of
LUCC that integrate raster GI and vector/raster conversions, because the different LUC GI resolution
in line with accuracy can explain the different results obtained in the evaluation of LUCC. The present
work demonstrates this fact, i.e., the effects of vector-to-raster conversions using various resolutions
culminated in different results of LUCC.
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1. LUC: Multiscale Framework, Geoinformation Availability, and Raster Generalization Process
1.1. LUC Changes: An Overview
Global land use and land cover changes (LUCC) research emerged in recent decades
when its influence on climate was recognized [1], especially from the mid-1970s, when
modification surface albedo and thus surface-atmosphere energy exchanges were verified [2,3].
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In the following years, the influence of other processes connected to LUCC were verified, for
example, evapotranspiration variation and interference in the water cycle [4], impacts on biotic
diversity [5–7], soil degradation [8–11], and other environmental problems. LUCC and land use
intensification are major drivers of ecosystem degradation, biodiversity loss, ecosystem service
depletion, and landscape change [7,12–15]. Remote sensing, and other data available, in the last
decades allow us to obtain a consistent and global picture of the world’s landscapes [1].
Land use and land cover (LUC) of Europe comprises a myriad of different landscapes and land
uses that reflect topography, as well as climatic and historical changes [16]. In this territory, large LUCC
are also verified [17], especially the transitions affecting cropland, forests, and other areas caused by
urban growth, and many actions/rules have been implemented to reduce the impacts of LUCC [18].
In Portugal, there are different studies about LUCC [19–24], and these point out large LUCC in
recent years, especially with loss of area in forest and agricultural classes and gain of area in urban
classes. The LUC datasets used in these studies has different properties (scale, minimum mapping unit,
spatial resolution, etc.) and is produced by different entities or individual users, for example, the official
Portuguese Land Cover Map (Carta de Ocupação do Solo, COS) produced and made available by the
General Directorate for Territorial Development (DGT) [25], the Corine Land Cover (CLC) produced by
DGT and made available by the European Environment Agency (EEA) and DGT, the LUC classification
by satellite images [26,27], and even vectorization on air-photo maps (visual interpretation) made
available by different producers or users [28], among others.
Despite some differences in LUCC results from study to study, these can be explained, to
a large extent, by the different properties of the geoinformation (GI) used in each study (e.g.,
References [19,29,30]). These differences can also be related to the processes performed with geographic
information system (GIS) tools, in particular the vector-to-raster conversion. Within this vector-to-raster
conversion, the properties assigned to data inputs, for instance the cell size or cell assignment method
(which, in the polygon-to-raster conversion, is the method used to determine how the value will be
assigned to the cell when more than one feature falls within a cell [31], center, maximum area, or
maximum combined area, among others), can induce changes in the obtained results.
1.2. LUC Geoinformation
The volume of GI available has greatly increased in recent years. LUC information obtained
automatically, semi-automatically, and manually is not an exception, especially because the acquisition
is increasingly made in shorter periods (temporal coverage), especially for LUC geoinformation
obtained by satellite imagery [32,33]. Furthermore, and more recently, there have been more diverse
means of data acquisition, such as unmanned aerial vehicles (UAVs) [34,35]. In addition, there
is an increase not only in the amount of available geoinformation, but also in the available data
resolution [36–38].
As a result of the increased availability of LUC geoinformation, coming from different sources
and collected for different purposes, certain issues have to be considered, and some spatial evaluations
have to be made, because data properties vary greatly among the various available datasets. GI
properties can be critical in evaluating the quality of the results, because LUC datasets with different
properties can lead to different results, which in turn lead to different interpretations and conclusions
regarding the LUCC for the same territory under analysis [39].
Several authors have focused also on the quality of GI [40–44], because this can be a decisive issue
in obtaining results with high accuracy and quality [45], whether for LUCC or for another type of
spatial assessment.
1.3. LUC Geoinformation Generalization
Most analyses of LUCC are produced with GI in raster format, because certain models and tools
only support this structure, but questions may arise about the accuracy obtained after vector-to-raster
conversion, because real boundaries of elements (lakes, buildings, etc.) are affected or changed in this
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process. These effects are the result of vector-to-raster conversion, specifically data amalgamation and
dilation, emphasizing the importance of cell size [46–48]. In general, it is expected that low resolutions
will have negative effects, due to the factors mentioned above.
Shea and McMaster [49] describe the generalization process in 12 processes: Simplification,
smoothing, aggregation, amalgamation, merging, collapse, refinement, typification, exaggeration,
enhancement, displacement, and classification.
With a GIS, it is possible to use different data models to manage geoinformation [50,51]. At the
conceptual level, two models are possible [52]: Object-based ones, where the space is divided into
discrete and identifiable entities, each with several properties in terms of geospatial position (e.g.,
rivers, roads, buildings, etc.); and field-based ones, integrating a continuous mathematical function that
for each position of the space returns a value (e.g., temperature, evapotranspiration, insolation, etc.).
At the logical level, two structures are available in GIS [52]: Vector (geoinformation represented in lines,
points, and polygons), and raster (the space is represented as a regular tessellation of disjoint cells,
sometimes called pixels, usually squares, each having an attribute value). The degree of abstraction
involved when considering field and object models increases successively from reality to the conceptual
model, the logical model, and finally the physical model [51,53].
GIS allows users to produce new coverages by reducing the amount of detail in an existing
coverage [45], for example, simplifying LUC polygon boundaries at different scales, but this
“generalization” may or may not reduce the number of objects in the coverage [28,54]. The
generalization process also occurs when combining polygons with similar characteristics, reducing the
number of objects in the coverage.
In raster data, the generalization process usually reduces both the number of objects and the
amount of detail [55]. Veregin and McMaster [56] reported that in vector data (e.g., environmental
data), the spatial and thematic components can be generalized independently; on the other hand,
in a raster generalization this is almost always accomplished by the thematic component alone and
the thematic content of maps is changed, thus thematic accuracy and data quality in general can be
affected. The confusion matrix [57] is the most common method for assessing the accuracy of thematic
data, such as land cover, and is widely used for LUCC assessment (e.g., References [58–62]). The errors
that occur in vector-to-raster conversions [63,64] can affect the results; for example, Bettinger et al. [63]
observed in the conversion of polygons that forest patch metrics were affected.
In the spatial and temporal LUCC assessment of a given territory, it is important to understand,
which impacts may result from the LUCC. Evaluation of LUCC has been done in different territories
with different scales of analysis, goals, and methods, but also based on different LUC geoinformation
datasets (e.g., References [65–68]). This is a starting point of this work: The vector-to-raster conversion
of datasets with different scales is performed and the quality of the LUCC results is evaluated, pointing
out the main concerns to have in mind when processing LUC data.
2. Objectives
The first goal of this work is to assess the effects resulting from the GI vector-to-raster
conversion, using two LUC datasets with different properties (COS and CLC); the second goal is to
evaluate the consistency of LUCC in mainland Portugal obtained by LUC GI referred to above at
different resolutions.
As a first approach, the areas of each class in different LUC datasets with different resolutions
are reviewed and compared with vector GI; then, using different raster resolutions outputs, the
gain and loss of LUCC area are calculated (between raster outputs and also raster verses vector),
and the differences between each LUC type (classes), are analyzed. This evaluation is crucial to
understand whether the LUCC results vary significantly when LUC datasets with different resolutions
are introduced in the model.
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3. LUC of Portugal
Mainland Portugal (88,962.5 km2) is composed of a highly diversified landscape. It integrates
large forest areas in the central and northern regions and vast agricultural land in the southern regions
(Figure 1), with emphasis on the Alentejo, where the Alqueva Dam (built in 2002) generates a wide
water body (the largest artificial reservoir in Western Europe). Artificial surfaces stand out, especially
near the coast, and are particularly relevant in the Lisbon and Oporto metropolitan areas.
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Figure 1. Land use and land cover of mainland Portugal in different years (Carta de Ocupação do
Solo (COS) and Corine Land Cover (CLC) geoinformation, source: General Directorate for Territorial
Development (DGT)).
The assessment of recent decades, this territory has sho n significant LUCC, with a large
reduction of forest area as a result of yearly forest fires, pine ood nematode infestation [69], and the
transition to ther types of LUC (e.g., conversion t ri lt r l l ) [22].
Asse sing the GI properties is es ential t t e di ferent results on LU C obtained by
different research and to formulate solid conclusions. For example, Figure 1 shows the spatial difference
betwe n the soils occupied by a ertain type of LUC (e.g., arable land, pastures, heterogen ous
agricultural areas, forest) on CLC and COS for the conside ed year (more details can be found in
the attribute tables analysis). Although the cartographic properties are different, the area of arable
land in CLC 2006 was higher compared to COS 2007 (about 0.56%), but on the other hand, the forest
area was higher in COS 2007 compared to CLC 2006 (approximately 1.66%). These results show the
differences that can be obtained in the analysis of LUCC with different LUC GI. Despite the maps
being from different years, the period between them is very small, so the results should be similar,
with these differences highlighting the importance of understanding certain variations in studying
LUCC, particularly those variations, due to the different properties of GI, since there may be different
results for the same (or similar) periods, due to a certain set of factors (e.g., scale, spatial resolution,
minimum mapping unit, etc.).
Comparing the total areas for LUC classes in different datasets, in general, these show similar
variation trends (Figure 2), except class 33 (open spaces with little or no vegetation) with the most
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significant inverse variations. The line at 45◦ in the graphs of Figure 2 will then be the reference line,
above which the area of land class is decreasing, and below which it is increasing over the selected
two years.ISPRS Int. J. Geo-Inf. 2018, 7, x FOR PEER REVIEW  5 of 21 
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4. Data, Tools, and Methods
4.1. LUC Geoinformation and Multispecifications
The LUC GI used in this research was the COS (2007 and 2010) and the CLC (2006 and 2012).
These GI datasets have different properties [25,70], as shown in Table 1. The LUC nomenclature used
in these datasets coincides at the first three levels (the same as CLC [71]), allowing the comparison
between the two datasets. For this study, only the datasets with greater temporal proximity were
selected. Due to the extent of the study area, the second level of the LUC nomenclature used in CLC
(which is equal to the second level of the COS nomenclature) was selected for the analysis of LUCC.
Table 1. Characteristics and properti s of LUC geoinformation.
Characteristics Land Cover Maps of Portugal Corine Land Cover
Acronym COS CLC
Scale 1:25,000 1:100,000
Minimum Mapping Unit (MMU) 1 ha 25 ha
Data model Vector Vector
Spatial representation Polygons Polygons
Minimum distance between lines 20 m 100 m
Base data Air-photo maps Satellite images
Spatial resolution 0.5 m 20 m
Nomenclature
Hierarchical (5 levels) Hierarchical (3 levels)
225 classes 44 classes
Production method Visual interpretation Semi-automated production and visualinterpretation
Projected Coordinate System
Projection
Geographic Coordinate System
Datum
ETRS 1989 Portugal TM06
Transverse Mercator
GCS ETRS 1989
ETRS 1989
ETRS 1989 Portugal TM06
Transverse Mercator
GCS ETRS 1989
ETRS 1989
Data availability (years) 1995 *, 2007, 2010 1990, 2000, 2006, 2012
* Specific nomenclature (hierarchical: two levels with 19 classes maximum at second level) defined to support Kyoto
reporting of emissions and carbon sequestration in Portugal [72].
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The administrative boundaries used to perform the study are those of the Official Administrative
Map of Portugal (CAOP 2016), in vector structure, provided by DGT. Two LUC datasets (vector GI)
were cut and compatibilized by these limits and stored in a geodatabase. The new features resulting
from this process have the same total area (88,962.5 km2) in both maps.
However, there are some differences in the statistics for the feature dataset areas (Table 2). COS
features present polygons with a mean area of approximately 11.5 ha in the two years considered; on
the contrary, the CLC shows inconsistency between the two years, since features of 2006 and 2012 have
polygons with a mean area of 271.6 and 255.2 ha, respectively. The results also differ greatly when
considering the number of polygons and the maximum area.
Table 2. Descriptive statistics of LUC GI datasets (vector) after the clip and compatibility by the Official
Administrative Map of Portugal (CAOP) 2016 (LUC data obtained by COS and CLC).
COS CLC
2007 2010 2006 2012
Total polygons 777,262 777,289 32,761 34,867
Minimum area of polygons (ha) 0.01 0.01 0.01 0.01
Maximum area of polygons (ha) 22,439.9 25,799.2 216,104.0 156,114.0
Mean area of polygons (ha) 11.5 11.5 271.6 255.2
Standard Deviation area (ha) 93.5 90.9 2368.3 2136.3
4.2. Tools and LUCC Methodology
The methods used are sequential, with the following steps (Figure 3): (1) introduce the dataset
used in research; (2) the vector GI was converted to raster with different resolutions; (3) calculation of
the absolute and relative LUCC and analyze the impact of pixel sizes on LUC area; (4) using the vector
GI, calculation the compactness coefficient (Kc) and ratio of polygons by total area (PARt) for each LUC
class; (5) calculation of the correlation coefficients between the indices mentioned above (Kc average
and PARt) and the area variation between different raster outputs (with different resolution) verses
vector GI; (6) using these indices and this variation area, the principal component analysis was used to
performed LUC class groupings.
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of LUC polygon features to raster datasets with the software, the cell assignment type selected was
“cell center,” where the polygon that overlaps the center of the cell yields the attribute to assign to the
cell. With the “cell center” option, the priority is specified, and once the cell center falls within only
one feature, the attribute of that feature is assigned to the cell [31].
LUCC areas were calculated by subtracting to the LUC final area (t2) the LUC initial area (t1) of
each LUC dataset (t2 − t1) [73]. LUC transition tables [74,75] were also prepared for each LUC dataset,
to understand in detail LUCC between various LUC types. For this assessment, the LUC GI vector
structure (COS and CLC) was converted to raster (using GIS) with different resolutions (10, 25, 50, 100,
and 200 m). These results enabled us to quantify the differences between LUCC at different resolution
levels (Figure 3) and allowed the comparison of LUCC trends obtained with different LUC datasets.
LUCC results presented in this research were computed with the total area of each LUC vector or
raster at different resolutions. Section 5.1 presents the comparison between the total area of mainland
Portugal using LUC vector and LUC raster at different resolutions.
The compactness coefficient (Kc) was calculated as a measure to characterize the polygonal form
for all GI datasets. This coefficient, mainly used in the calculation of watershed forms [76], is essentially
a relationship between the shape of the LUC polygons and that of a circle, and is determined by the
following equation:
Kc =
0.28 ∗ P√
A
, (1)
where P is the length of the perimeter and A is the area of the polygon.
The ratio of polygons by total area for the LUC class (PARt) was also obtained. This ratio provides
the variation of polygons by each LUC class and is obtained by the following equation:
PARt =
n
∑
k=1
k
n
∑
A=1
A
, (2)
where K is the number of polygons by LUC class and A is the area of the polygons.
These two variables and absolute and relative LUCC were integrated into the statistical analysis
performed in Statistica 7 software. All variables were standardized in Statistica 7.
5. Results and Discussion
5.1. Area of Mainland Portugal at Different Raster Resolutions
Comparing the LUC outputs at different raster resolutions for the total area of mainland Portugal
(GI with same coordinate system), it was observed that the total area shows slight variations depending
on the selected raster resolution for each LUC dataset (Table 3). Furthermore, the loss or gain of area
between the different resolutions is quite variable for each LUC dataset and there is no trend of
variation with increasing cell size.
Table 3. Area of mainland Portugal in vector GI and area variation after vector-to-raster conversion.
Luc
Dataset
Vector
GI
Raster Area Variation Relatively to Vector GI
R 10 m R 25 m R 50 m R 100 m R 200 m
km2 % km2 % km2 % km2 % km2 % km2
COS 88,962.5 −2.4−05 −0.022 8.8−05 0.079 −1.0−04 −0.091 2.6−04 0.234 −2.6−04 −0.236
CLC 88,962.5 −5.1−06 −0.005 7.0−05 0.062 2.0−04 0.179 −3.7−04 −0.326 −1.8−05 −0.016
It was also observed that the area loss shown by the COS in raster format with high resolution
(10 m) relative to the vector is higher when compared to the area loss observed in the CLC dataset
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at the same resolution. Different results are obtained when using the 25 m resolution. In this case,
both outputs feature a gain in area, especially for the COS dataset. In the output, when using 50 m
resolution, the area loss in COS and the gain in CLC are remarkable, but for the 100 m outputs the
reverse situation was observed. For the low-resolution raster (200 m), the high area loss in COS relative
to CLC stands out.
These differences in area between raster outputs can be related to the cell assignment type selected
(“cell center”), where the polygon that overlaps the center of the cell yields the attribute to assign to
the cell. According to Bolstad [77], “raster cell assignment may be complicated when representing
what we typically think of as discrete boundaries, for example, when the raster value is interpreted as
a class code or as a contiguous region ID”. According to this author, the type of assignment rules may
significantly alter the data layer.
5.2. LUC at Different Raster Resolutions
The areas occupied by the LUC types in the study area vary widely, mostly for the classes with
higher percentage of area: “Scrub and/or herbaceous vegetation associations, forests, agricultural
areas and arable land heterogeneous”. However, a general analysis of the results presented in Table 4
shows a discrepancy between the areas of each LUC class and an inconsistency between some trends of
absolute variation between areas for the first and last years of each LUC. For example, the COS presents
a trend toward an area reduction in the class “scrub and/or herbaceous vegetation associations”, while
for the CLC the trend is toward an increase in area.
Table 4. Area of LUC classes (% of mainland Portugal, 88,962.5 km2) obtained by vector GI and raster
outputs with different resolutions for the different years, by each LUC dataset (COS and CLC).
LUC Vector GI
Raster GI
R 10 m R 25 m R 50 m R 100 m R 200 m
COS (Years) 2007 2010 2007 2010 2007 2010 2007 2010 2007 2010 2007 2010
11. Urban fabric 3.30 3.34 3.30 3.34 3.30 3.34 3.30 3.34 3.30 3.34 3.31 3.34
12. Industrial, commercial and transport units 1.03 1.11 1.03 1.11 1.03 1.11 1.03 1.10 1.03 1.10 1.03 1.10
13. Mine, dump, and construction sites 0.35 0.39 0.35 0.39 0.35 0.39 0.36 0.39 0.36 0.39 0.35 0.39
14. Artificial, non-agricultural vegetated areas 0.16 0.17 0.16 0.17 0.16 0.17 0.16 0.17 0.16 0.17 0.16 0.17
21. Arable land 13.43 13.25 13.43 13.25 13.43 13.25 13.43 13.25 13.42 13.24 13.43 13.25
22. Permanent crops 8.09 8.28 8.09 8.28 8.09 8.28 8.09 8.28 8.09 8.28 8.09 8.28
23. Pastures 4.64 4.51 4.64 4.51 4.64 4.51 4.64 4.51 4.64 4.51 4.64 4.51
24. Heterogeneous agricultural areas 13.54 13.54 13.54 13.54 13.54 13.54 13.54 13.54 13.54 13.54 13.56 13.56
31. Forests 24.32 24.46 24.32 24.46 24.32 24.46 24.32 24.46 24.32 24.45 24.31 24.45
32. Scrub and/or herbaceous vegetation associations 28.13 26.86 28.13 26.86 28.13 26.86 28.13 26.86 28.14 26.86 28.12 26.84
33. Open spaces with little or no vegetation 0.89 1.97 0.89 1.97 0.89 1.97 0.89 1.97 0.89 1.97 0.89 1.97
41. Inland wetlands 0.04 0.04 0.04 0.04 0.04 0.04 0.04 0.04 0.04 0.04 0.04 0.04
42. Maritime wetlands 0.28 0.28 0.28 0.28 0.28 0.28 0.28 0.28 0.28 0.28 0.28 0.28
51. Inland waters 1.25 1.27 1.25 1.27 1.25 1.27 1.25 1.27 1.25 1.27 1.25 1.27
52. Marine waters 0.54 0.54 0.54 0.54 0.54 0.54 0.54 0.54 0.54 0.54 0.55 0.55
CLC (Years) 2006 2012 2006 2012 2006 2012 2006 2012 2006 2012 2006 2012
11. Urban fabric 2.56 2.70 2.56 2.70 2.56 2.70 2.56 2.70 2.56 2.70 2.56 2.70
12. Industrial, commercial and transport units 0.53 0.62 0.53 0.62 0.53 0.62 0.53 0.62 0.53 0.62 0.53 0.62
13. Mine, dump, and construction sites 0.24 0.23 0.24 0.23 0.24 0.23 0.24 0.23 0.24 0.23 0.24 0.23
14. Artificial, non-agricultural vegetated areas 0.15 0.19 0.15 0.19 0.15 0.19 0.15 0.19 0.15 0.19 0.15 0.19
21. Arable land 13.99 12.74 13.99 12.74 13.99 12.74 13.99 12.74 14.00 12.74 13.99 12.74
22. Permanent crops 6.67 7.08 6.67 7.08 6.67 7.08 6.67 7.08 6.66 7.08 6.66 7.09
23. Pastures 0.47 0.70 0.47 0.70 0.47 0.70 0.47 0.70 0.47 0.70 0.47 0.70
24. Heterogeneous agricultural areas 26.07 26.35 26.07 26.35 26.07 26.35 26.07 26.35 26.07 26.35 26.07 26.35
31. Forests 22.67 22.71 22.67 22.71 22.67 22.71 22.67 22.71 22.66 22.71 22.68 22.72
32. Scrub and/or herbaceous vegetation associations 23.32 23.64 23.32 23.64 23.32 23.64 23.32 23.64 23.32 23.65 23.31 23.64
33. Open spaces with little or no vegetation 1.90 1.52 1.90 1.52 1.90 1.52 1.90 1.52 1.90 1.51 1.90 1.52
41. Inland wetlands 0.82 0.89 0.82 0.89 0.82 0.89 0.82 0.89 0.82 0.89 0.81 0.88
42. Maritime wetlands 0.31 0.30 0.31 0.30 0.31 0.30 0.31 0.30 0.31 0.30 0.31 0.30
51. Inland waters 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01
52. Marine waters 0.31 0.31 0.31 0.31 0.31 0.31 0.31 0.31 0.31 0.31 0.31 0.31
The different LUCC observed can be explained by the different properties of each LUC dataset
under analysis. Furthermore, there may be changes in LUCC trends as a function of the analysis period,
i.e., on the assumption that the COS covers only part of the total period between each CLC (three of
the six years), in the total period between the CLC datasets (six years) the tendency of LUCC observed
in the first three years, corresponding to the COS period, may be different than what occurred in the
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last three years of the period. The same thing could happen for the results of the CLC if we consider
the same period between each COS (three years), i.e., the area of a LUC type can increase or reduce,
and this result is not exactly equal to what is observed for the LUCC obtained with the COS.
In the process of vector to raster GI conversion, the bigger the cell size, the greater the
generalization of the represented GI [63,78], which is widely acknowledged in this type of GIS
conversion. Figure 4 represents a LUC extract for each LUC dataset, where this generalization is shown.
This extract was selected since it allows us to show concrete examples of generalization in different
raster outputs. Classes with bigger area, e.g., water bodies, but with great variation in the shape of
polygons result in different aggregations in the vector-to-raster conversion (e.g., the Zêzere River loses
representativeness at low resolution), but on the other hand, some effects of generalization in polygons
with reduced area, e.g., in the class urban fabric of COS, can also be noted. Major changes are visible
for the sample with lower resolution (larger cell size), as well as the amalgamation and dilation of
LUC GI (e.g., scrub and/or herbaceous vegetation associations and heterogeneous agricultural areas).
Other LUC types, such as water course (Zêzere River) or heterogeneous agricultural areas, are not
represented in the low-resolution raster (greater than 100 m cells), because of their reduced area in
determined segments and the relatively small distance between lines (riverbanks in the case of the
Zêzere River). The errors of area (polygon) conversions and the effects of polygon size and shape and
raster cell size are described in some studies [79–81].
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Figure 4. LUC extracts with different resolutions (COS 2010 and CLC 2012) in the central region of
Portugal (downstream of Cabril Dam).
Comparing the COS and CLC outputs for different resolutions, the COS outputs are more spatially
complex (see example in Figure 4), mainly due to the greater detail of the GI in this LUC dataset
(minimum mapping unit (MMU) 1 ha). COS allows the spatial representation of more LUC classes
compared to CLC (because of the inherent scale of the GI). This is one of the characteristics that also
contributed to the greater dispersion of LUC in the samples of COS represented in Figure 4. The
processes of amalgamation and dilation can be more important, due to the form and area of each
polygon of LUC, and the distance (proximity or remoteness) between polygons with the same attribute.
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The CLC vector dataset, due to its inherent characteristics/specifications, has greater generalization of
LUC than the COS vector dataset. According to Yang et al. [82], generalization of the LUC GI cannot
dispense with the aggregation and amalgamation operations of the patch polygons.
Relative and absolute changes between the total area for each LUC type in the different outputs for
different raster resolutions (per year) vary widely (Figure 5), being more significant as cell size increases.
Some LUC types present bigger areal difference in relation to the area measured in the vector
GI when the cell size increases (Table 5). However, these differences are not common between the
LUC datasets considered in the analysis, or even between the outputs with different resolutions. For
example, in the case of COS, there is an increase of 0.01% in urban area in the 200 m raster output,
while in the class “Industrial, commercial and transport units”, there is a loss of area, but the same
cannot be observed in the outputs of the CLC.
Table 5. Main variation areas (gain ≥0.01% and loss ≤−0.01% of mainland Portugal) of the LUC raster
(COS 2007 and 2010; CLC 2006 and 2012) relative to LUC areas in vector GI.
LUC
COS (R 100 m) COS (R 200 m) CLC (R 200 m)
2007 2010 2007 2010 2006 2012
11. Urban fabric 0.00 0.00 0.01 0.00 0.00 0.00
12. Industrial, commercial and transport units 0.00 0.00 −0.01 0.00 0.00 0.00
21. Arable land −0.01 −0.01 0.00 0.00 0.00 0.00
22. Permanent crops 0.00 0.00 0.00 0.00 0.00 0.01
24. Heterogeneous agricultural areas 0.00 0.00 0.02 0.02 0.00 0.00
31. Forests −0.01 0.00 −0.01 0.00 0.01 0.01
32. Scrub and/or herbaceous vegetation associations 0.01 0.01 −0.01 −0.02 −0.01 −0.01
In the outputs at low resolution (pixel size greater than 100 m), there were LUC classes that
showed breaks in the variation trend compared to those observed in outputs with higher resolution
(10, 25, or even 50 m). This reversal of area variation for each LUC type (Figure 5), among the different
resolutions, is not equal or similar in the different years for the same LUC dataset. This variation can
be explained by LUCC that occurred in the period between each LUC data acquisition year, but also
because of the different effects that occur in the vector-to-raster conversion process.
LUC classes with reduced area (for example, inland and maritime wetlands, and inland and
marine waters) show the highest relative changes for different raster resolutions, and they are more
significant at low resolution (200 m).
5.3. LUCC at Different Raster Resolution Levels
LUCC in mainland Portugal are very distinct between the different LUC types. In absolute terms,
the most important LUCC show high loss and gain of area in the classes “forest and scrub and/or
herbaceous vegetation associations” of the COS results (2007 to 2010), and for the same classes in the
results obtained by the CLC (2006 to 2012), but in this last dataset the “heterogeneous agricultural
areas” also show relevant area changes (Table 6). These results are consistent with LUCC presented by
other research [22,39,72].
ISPRS Int. J. Geo-Inf. 2018, 7, 390 11 of 21ISPRS Int. J. Geo-Inf. 2018, 7, x FOR PEER REVIEW  11 of 21 
 
 
Figure 5. Absolute and relative change variation (% area) between LUC geoinformation with different resolutions (R, raster resolution in meters). 
  
Figure 5. Absolute and relative change variation (% area) between LUC geoinformation with different resolutions (R, raster resolution in meters).
ISPRS Int. J. Geo-Inf. 2018, 7, 390 12 of 21
Table 6. Gain and loss area (% of mainland Portugal) by LUC type (absolute changes), obtained for different raster resolutions outputs. Values in bold represent above
average gain and loss areas for each dataset (COS and CLC).
Vector Data R 10 m R 25 m R 50 m R 100 m R 200 m
LUC Loss Gain Loss Gain Loss Gain Loss Gain Loss Gain Loss Gain
C
O
S
20
07
to
20
10
11. Urban fabric −0.0021 0.0386 −0.0021 0.0386 −0.0021 0.0385 −0.0021 0.0388 −0.0021 0.0385 −0.0023 0.0371
12. Industrial, commercial and transport units −0.0019 0.0753 −0.0019 0.0752 −0.0019 0.0753 −0.0019 0.0752 −0.0020 0.0758 −0.0020 0.0762
13. Mine, dump and construction sites −0.0653 0.1017 −0.0653 0.1017 −0.0652 0.1016 −0.0654 0.1018 −0.0662 0.1013 −0.0652 0.1003
14. Artificial, non-agricultural vegetated areas −0.0008 0.0164 −0.0008 0.0164 −0.0008 0.0163 −0.0008 0.0164 −0.0008 0.0167 −0.0007 0.0153
21. Arable land −0.4373 0.2549 −0.4373 0.2549 −0.4372 0.2550 −0.4373 0.2550 −0.4381 0.2550 −0.4370 0.2563
22. Permanent crops −0.1733 0.3631 −0.1733 0.3631 −0.1733 0.3632 −0.1731 0.3631 −0.1730 0.3652 −0.1742 0.3635
23. Pastures −0.2227 0.0910 −0.2226 0.0910 −0.2226 0.0910 −0.2228 0.0909 −0.2233 0.0909 −0.2205 0.0907
24. Heterogeneous agricultural areas −0.1677 0.1668 −0.1677 0.1667 −0.1677 0.1668 −0.1678 0.1667 −0.1684 0.1661 −0.1699 0.1661
31. Forests −1.5494 1.6818 −1.5493 1.6817 −1.5496 1.6816 −1.5496 1.6810 −1.5458 1.6830 −1.5485 1.6887
32. Scrub and/or herbaceous vegetation associations −2.6999 1.4263 −2.6999 1.4263 −2.6997 1.4262 −2.6993 1.4264 −2.7030 1.4253 −2.7074 1.4268
33. Open spaces with little or no vegetation −0.0876 1.1690 −0.0875 1.1690 −0.0875 1.1692 −0.0875 1.1692 −0.0874 1.1694 −0.0881 1.1715
41. Inland wetlands 0.0000 0.0001 0.0000 0.0001 0.0000 0.0001 0.0000 0.0001 0.0000 0.0000 0.0000 0.0000
42. Maritime wetlands −0.0001 0.0001 −0.0001 0.0001 −0.0002 0.0001 −0.0002 0.0001 −0.0001 0.0001 −0.0001 0.0001
51. Inland waters −0.0005 0.0237 −0.0005 0.0237 −0.0005 0.0237 −0.0005 0.0237 −0.0006 0.0236 −0.0004 0.0238
52. Marine waters −0.0001 0.0000 −0.0001 0.0000 −0.0001 0.0000 −0.0001 0.0000 0.0000 0.0000 −0.0001 0.0000
C
LC
20
06
to
20
12
11. Urban fabric −0.0958 0.2387 −0.0958 0.2387 −0.0959 0.2387 −0.0955 0.2387 −0.0959 0.2384 −0.0971 0.2387
12. Industrial, commercial and transport units −0.0401 0.1303 −0.0401 0.1303 −0.0401 0.1303 −0.0401 0.1301 −0.0400 0.1306 −0.0401 0.1310
13. Mine, dump and construction sites −0.0867 0.0796 −0.0867 0.0796 −0.0867 0.0796 −0.0868 0.0797 −0.0873 0.0800 −0.0860 0.0794
14. Artificial, non-agricultural vegetated areas −0.0046 0.0451 −0.0046 0.0451 −0.0046 0.0451 −0.0046 0.0452 −0.0046 0.0447 −0.0044 0.0459
21. Arable land −1.9297 0.6756 −1.9297 0.6755 −1.9298 0.6755 −1.9299 0.6753 −1.9302 0.6759 −1.9267 0.6700
22. Permanent crops −0.5920 1.0107 −0.5920 1.0107 −0.5920 1.0108 −0.5919 1.0108 −0.5924 1.0092 −0.5885 1.0159
23. Pastures −0.1106 0.3395 −0.1106 0.3395 −0.1107 0.3396 −0.1106 0.3396 −0.1099 0.3395 −0.1110 0.3387
24. Heterogeneous agricultural areas −1.9740 2.2551 −1.9739 2.2550 −1.9740 2.2549 −1.9737 2.2557 −1.9723 2.2564 −1.9724 2.2552
31. Forests −2.9602 3.0069 −2.9602 3.0069 −2.9602 3.0069 −2.9604 3.0066 −2.9593 3.0093 −2.9672 3.0095
32. Scrub and/or herbaceous vegetation associations −3.6996 4.0261 −3.6996 4.0262 −3.6994 4.0263 −3.6996 4.0256 −3.7032 4.0263 −3.7003 4.0247
33. Open spaces with little or no vegetation −0.6575 0.2772 −0.6575 0.2772 −0.6575 0.2772 −0.6574 0.2773 −0.6588 0.2776 −0.6571 0.2770
41. Inland wetlands −0.0090 0.0774 −0.0090 0.0774 −0.0090 0.0775 −0.0090 0.0774 −0.0088 0.0772 −0.0091 0.0771
42. Maritime wetlands −0.0089 0.0057 −0.0089 0.0057 −0.0090 0.0057 −0.0089 0.0057 −0.0090 0.0057 −0.0093 0.0057
51. Inland waters −0.0020 0.0020 −0.0020 0.0020 −0.0020 0.0020 −0.0020 0.0020 −0.0020 0.0019 −0.0022 0.0019
52. Marine waters −0.0016 0.0023 −0.0016 0.0023 −0.0016 0.0023 −0.0016 0.0023 −0.0015 0.0023 −0.0019 0.0025
ISPRS Int. J. Geo-Inf. 2018, 7, 390 13 of 21
However, the LUCC results are not coherent among themselves when using the different
resolutions of the two raster datasets considered in this research. The area loss or gain between
different raster resolutions is very variable for different LUC classes. For example, in the COS LUCC
results, the area loss in the forest class using the 25 m resolution, relative to vector GI, presents a slight
increase, but when using 100 m raster resolution there is a slight reduction of area. The results for
the forest class obtained with low resolution (200 m) again show an area loss. The reverse situation is
observed for higher resolutions, where there is a reduction in area increase when cell size increases, but
this situation is inverted for resolutions equal to or higher than 100 m. In these cases, the output raster
provides the GI generalization and is conducive to accurate and classification errors with the increase
in cell size, but a solution to reduce this error is to increment the resolution, i.e., increase the number of
cells (high resolution, small cells) [78]. Several other studies also reference the errors associated with
vector-to-raster conversions and vice versa [83–85].
The differences in area for each LUC type presented in Table 6 are very small in terms of percentage,
but these values represent several hectares in the study area (1% ≈ 88,971.3 ha), and thus some care is
required in the analysis of results.
Crossing factors Kc and PARt with absolute and relative variations of vector GI verses different
resolution outputs, only the relative variations present a few significant correlations with these factors
(Table 7). A more detailed analysis of these results highlights the high positive correlation between the
CLC with PARt (except RC Vet/R200 of CLC12), while Kc presents only a high correlation between the
relative variations on lower resolution verses vector GI (RV Vet/R200).
Table 7. Correlation coefficients between Kc average, PARt, and relative variations (RV) area of the
vector GI (Vet) verses different resolution (R) outputs (significance level p < 0.05).
LUC Dataset Variable RV Vet/R10 RV Vet/R25 RV Vet/R50 RV Vet/R100 RV Vet/R200
CLC06
Kc −0.28 0.58 0.41 −0.11 0.71
PARt 0.84 0.70 0.71 0.91 0.55
CLC12
Kc −0.25 0.36 0.34 −0.35 0.72
PARt 0.96 0.82 0.68 0.73 −0.24
COS07
Kc −0.54 −0.23 −0.54 −0.60 0.68
PARt 0.12 −0.29 0.32 0.40 −0.33
COS10
Kc −0.58 −0.27 −0.57 −0.56 0.74
PARt 0.10 −0.31 0.32 0.28 −0.54
On the other hand, analyzing the results by principal component analysis (PCA), LUC class
groupings derived from relative variations of area between different raster outputs and vector GI were
observed (Figure 6).
In Figure 6, Factor 1 represents the relative variations mentioned above, and Factor 2 represents
the factor form of polygons and their representation/distribution by LUC classes. LUC classes with
lower relative variations tend to group together (G1), as well classes with highest relative changes
(G2), and a few classes that do not fit into these groups represent the very high relative variations, but
also influence the factor form of the polygons.
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5.4. LUCC Variations
In the first stage and considering data inputs for this analysis, the high correlation between the
total areas of LUC types (for each LUC dataset) described initially, observed at the end of each period
(three and six years for the COS and CLC, respectively), are questionable, because each LUC class
can have area loss, and at the same time area gain for another LUC type, balancing the area of LUC
classes. However, LUCC can also occur between subclasses (level 3 in CLC, or levels 4 and 5 in COS),
although they were not described in this research, and we should have some caution in interpreting
the relationship between the total area observed initially and the area observed at the end of the LUCC
period. In this context, it is important to analyze the confusion matrix, using classes at level 2 of the
nomenclature or at more detailed levels.
The results of the total area for each LUC class of COS and CLC (Table 4) are not consistent in
a temporal sequence. These results are mainly due to the different properties of the LUC datasets,
although each dataset has a different data acquisition year, but coincident with a part of the total
period under evaluation. The CLC, with 25 ha of minimum mapping unit (MMU) and 20 m of spatial
resolution (SR), presents greater generalization compared to COS (MMU 1 ha; SR 0.5 m). This explains
the differences in area for each type of LUC in both datasets in different years.
The Portuguese territory presents great LUC fragmentation, especially in the northern region [39],
where small plots (<25 ha) are predominant, and these are not identified in the CLC, while the COS,
with smaller MMU and greater disaggregation of the nomenclature (five levels), enables identification
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and representation of the LUC with greater detail, and thus representation of most of these small plots
(mostly agricultural parcels).
In the vector-to-raster conversion of LUC GI (cells with different sizes), some generalization of
the GI occurs, which is demonstrated in this study and several others [48,56,86]. This generalization
increases with cell size, making the results change, and the total area of each LUC type of the LUC
datasets is analyzed. On the other hand, errors increased with increasing raster resolution [63] and the
results presented also demonstrate this fact, especially the results at low resolution (100 and 200 m).
Comparing the different raster outputs with different resolutions, in general, the variations in
area for LUC types are very similar, showing a high positive correlation, but the high-resolution area
of LUC shows greater resemblance to what is observed in the vector GI (Table 8). The biggest areal
differences between the areas in the vector and at different raster resolutions are for resolutions bigger
than 50 m.
Table 8. Correlation coefficients between LUCC table transition areas with different resolutions (R) and
vector data of CLC (bold values) and COS (significance level p < 0.05).
R 10 m R 25 m R 50 m R 100 m R 200 m Vector
R 10 m 1 0.999999999 0.999999997 0.999999943 0.999999738 1.000000000
R 25 m 1.000000000 1 0.999999996 0.999999937 0.999999741 1.000000000
R 50 m 1.000000000 0.999999999 1 0.999999951 0.999999698 0.999999997
R 100 m 0.999999992 0.999999992 0.999999991 1 0.999999632 0.999999942
R 200 m 0.999999935 0.999999935 0.999999934 0.999999913 1 0.999999735
Vector 1.000000000 1.000000000 1.000000000 0.999999992 0.999999934 1
Analyzing in detail the absolute variation in area of every LUC type in each dataset and for each
year, different trends can be observed in area variation when cell size increases. These differences are
more evident mainly in the classes with greater area in the different LUC datasets, i.e., scrub and/or
herbaceous vegetation associations and forest, except for COS 2010, where the largest variations in the
class “urban fabric and industrial, commercial and transport units” are remarkable.
The urbanized land and building infrastructure (roads, industrial complexes, etc.) increased
between 2007 and 2010 in mainland Portugal, and much of this LUC type is identified in the COS.
However, since this LUC type is very fragmented (particularly urban fabric) and has a specific geometry,
generalization of these LUC types during the vector-to-raster conversion can have variable effects. For
example, with increasing cell size, two or more parcels of artificial land can be aggregated, and with a
higher resolution raster this is not reflected, because of the distance between the two polygons, and
their respective size. Meneses et al. [87] observed in the Zêzere watershed (central Portugal) variations
in artificial land GI outputs after several vector-to-raster conversions, referencing the importance of
building dimensions, especially in outputs with large cell size. Other raster effects in the generalization
process can occur, e.g., simplification and displacement of buildings [88].
The differences between LUCC areas observed in this research for the same classes show the
effects resulting from vector-to-raster conversions at different resolutions, but also the importance
of the GI properties, especially the scale, of each LUC dataset. For example, in the LUCC analysis,
the case of the component “area gain” of each LUC type in the different LUC datasets, and the COS
classes with the smallest area (e.g., urban fabric; mine, dump, and construction sites; non-artificial
agricultural vegetated areas), because they present, in general, lower values of area gain (in relation
to the results obtained by vector GI) when increasing the cell size of the raster outputs. For more
generalized LUC GI, as in the case of CLC, the classes with small area do not stand out; in this case,
the “Permanent crops” class presents the highest area increase and the “Arable land” class the largest
area reduction compared to the vector GI areas (Figure 7). In the component “area loss” for each LUC
type, highlight in the COS dataset the smaller area loss in the class “Pastures” for the raster with 200
m resolution (compared to vector GI); while in CLC, the class “Permanent crops” stands out with
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the highest difference (lowest reduction) between the raster at 200 m and what is obtained with the
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2006, CLC 2012) and LUCC area (gains) variation obtained between vector and raster (resolution 200
m). See LUC legend (numbers) in Figure 1.
During the vector-to-raster conversion process, the representation depends on the area, but
also the form of the polygons. For example, if the area of the Zêzere River presented in Figure 4
was represented in a compact form (circle), there would be more pixels with this attribute in
lower-resolution outputs. This process can be seen as evidence of the faster raster LUCC calculations
and other advantages of raster GIS, but vector methods provide higher accuracy [64]. However,
high-resolution raster presents results very similar to vector GI.
Jaakkola [46] researched the quality of multiscale land cover data, also using CLC GI, and reported
that the generalization process reduces the complexity of the data structure and adds error to the
database, therefore the quality is always deteriorated in favor of simplicity and legibility. This author
also found errors produced by the generalization of raster GI and refers to the tendency for area
decrease for classes covering small areas, while the classes covering large areas with large average
feature size tend to suffer an area increase. In fact, these observations have been confirmed by some
results obtained in this research, namely the results using CLC. These results, however, differ slightly
from the results obtained with COS, where area gain and area loss are very similar using high-resolution
raster, without a well-defined trend when the cell size increases. This is mainly due to the GI scale of
each LUC dataset, because the COS presents, for a LUC class, more fragmented polygons (due to the
MMU), while the CLC is more generalized and presents, naturally, larger polygons.
Other authors, such as Veregin and McMaster [56], reported that changes in the thematic content
of maps have implications on thematic accuracy and data quality in general. The results obtained here
confirm this, because overall it was found that those datasets with the low-resolution raster (e.g., 100
and 200 m) differ from the vector GI results, due to multiple effects of the vector-to-raster conversion
and GI properties.
6. Conclusions
I mainland Portugal, large LUCC were observed in the classes “forest and scrub and/or
herbaceous vegetation associations” and “heterogeneous agricultural areas.” However, the LUCC
results are not coherent among themselves when using the different resolutions of the two raster
datasets considered (COS and CLC), and are very variable for different LUC classes. The results of the
vector-to-raster conversion LUC GI (using different resolutions) show differences for LUC areas in the
Portuguese territory. These results highlight the generalization of GI that occurs in these conversion
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processes. Variations of LUC area by changing the cell size of different LUC datasets (COS or CLC
for several years) were observed, but these variations were not linear (which was expected in the
first place) and not consistent among LUC classes in each LUC dataset, especially the outputs with a
resolution equal to or higher than 100 m.
Furthermore, different results between LUC datasets with different properties were observed.
COS is more detailed than CLC, and their GI has partial temporal coincidence (for the LUC years
selected), but the LUCC results obtained were different in the territory covered by this study. These
results can highlight the differences in study period between the features of the LUC datasets.
The generalization that occurs in the vector-to-raster conversion process is also shown and, in this
process, the importance of the inherent details of the GI vector in each LUC dataset, especially
the amalgamation and dilation, form, and area of the polygons. In this sense, we stress the
importance of the GI properties, because the detail is important in explaining the results obtained on
LUCC determinations.
Higher resolutions of LUC GI (e.g., 10, 25, or 50 m) are better for LUCC analysis in large territorial
extensions, even at the scale of a country, as in this case study (mainland Portugal), because the
differences observed between these raster outputs have a high correlation with results obtained by
vector GI. However, 50 m resolution is suggested for LUCC assessment in this country, because
this raster dataset with this resolution has advantages in terms of storage space compared to higher
resolutions. In summary, for each case study or procedure, we should balance the efficiency of
processes against the best accuracy of results.
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